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Abstract : Increasing road accidents and traffic flow is a heavy burden to a developing country like Sri Lanka. The objective of this
study is to identify the significant factors affecting motor vehicle accidents in Sri Lanka. Secondary data used in this study between
the period 2014 to 2016 were acquired from the traffic police headquarters in Sri Lanka. A total number of 78531 motor vehicle
accidents were included in the analysis. Factors considered in the study were vehicle type, gender of driver, validity of license,
accident cause, alcohol test, time of accident, weekday/weekend, road surface, weather condition, light condition, location and age
of driver. Two third of data (52354) was used to develop the model, and the remaining 1/3 of data (26177) was used to validate the
model. Severity of accidents was categorized as grievous and non-grievous accidents. Chi-square test of independence has detected
that road surface and weather are not significantly associated with the severity of accidents. The light condition variable is removed
due to multicollinearity. Binary logistic regression is applied to model the severity of road accidents due to the dichotomous nature
of the dependent variable. The area under the receiver operating characteristic (ROC) curve was 0.692 which means the fitted model
classifies the group significantly better than by chance. The fitted model is correctly predicted 79.9 % of the validation data which
is greater than the predictive power of the baseline model 69.8%. Results revealed that vehicle type, validity of license, time of
accident, location type, alcohol test, accident cause, age of the driver and gender have a significant effect on the severity of accidents.
Moreover, Aggressive or negligent driving, driving on straight road, driving in daytime, driving light vehicles have a high chance
to be a grievous accident. These findings can aid in modifying laws and establishing preventive approaches in Sri Lanka.

IndexTerms — accidents, Logistic Regression, Accident severity, Grievous accidents, Non-grievous accidents.

I. INTRODUCTION

Road accidents are a leading cause for many of deaths around the world. World Health Organization (WHQ) has found
more than 1.2 million people die each year on the world’s roads and most of these deaths are in low and middle-income countries.
WHO indicated road traffic injuries are currently estimated to be the 9™ leading cause of death across all age groups globally and
predicted to become the 7" leading cause of death by 2030. Road accidents are highly influenced to the public health in a country.
Furthermore, increasing road accidents evolve social and economic problems due to loss of lives and damage properties.

Ever increasing road accidents and traffic flow is a heavy burden to a developing country like Sri Lanka. The rate of
increase in road accidents is 7% per year in Sri Lanka. Increasing in vehicle population is 11% per year. The analysis of past accident
data has clearly shown that in Sri Lanka about 50,000 accidents occur annually on average out of which 2000 were fatal accidents
and 15,000 were injury accidents. Traffic Police reveals that a Sri Lankan is killed in a road accident every three and half hours and
two are critically injured. This is a heavy economic burden to the country.

The objectives of this study are to identify the significant factors affecting motor vehicle accidents in Sri Lanka and
estimating the effect of the statistically significant factors on accident severity.

Il. LITERATURE REVIEW

According to Renuraj, et al., 2015, type of vehicle and age are the influential variables for severity of road accidents.
Another study conducted in Sri Lanka during the period 2010-2014 revealed that variables such as light condition, age of the driver,
the validity of the license, urban / rural, weather, vehicle type and age of the vehicle have a decreasing effect on the probability of
a fatal accidents. Location type, alcohol test and accident cause have an increasing effect on the probability of a fatal accident.
Among them, Accident Cause is the most important variable in the model (Dhananjaya & Alibuhtto, 2016). Furthermore, Liyanage
& Rengarasu, 2015 found that experience of the driver (year of driver license issue), vehicle type, light condition and time of the
accident are the significant factors for road accidents. Senasinghe, Wirasinghe, & De Barros, 2017 found that age, gender,
protection, light conditions, urbanicity, traffic control, and mode of transport, have a significant and direct impact on the severity
level of the accidents that occurred on highways.

A study conducted in Riyadh expressed that location and cause of accident were significantly associated with severity of
accidents (Al-Ghamdi, 2002). A study done by Wedagama & Dissanayake, 2009 in Indonesia found that probabilities of female
motorists contributed more on motor vehicle fatal accidents than males. In addition, age was also significant to influence all vehicle
fatalities. A study conducted Chengye & Ranjitkar, 2013 in Auckland motorway revealed that segment length, annual average daily
traffic per lane and number of lanes have the most profound effects on accident frequency. According to Chen, et al., 2016, location,
vertical alignment, roadside safety rating, driver distraction and overloading of cargo were significant factors for crash severity. In
addition, they indicated that intersections were more likely to have side impact on serious road traffic, especially with poor visibility
at night. Another study conducted in China revealed that light condition, overloading and gender of driver were highly influential
factors on severity of accidents (Zhang, et al., 2013). According to Celik & Oktay, drivers over the age of 65, primary educated
drivers, accidents occurring on state routes, highways or provincial roads and the presence of pedestrian crosswalks increase the
probability of fatal injuries. The results also indicate that accidents involving cars or private vehicles or those occurring during the
evening peak, under clear weather conditions, on local city streets or in the presence of traffic lights decrease the probability of fatal
injuries.
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1. MATERIALS AND METHODS

3.1. Binary logistic regression

Binary logistic regression model estimates the probability of occurrence of an event by fitting data to a logistic curve. The
dependent variable is the population proportion or probability that the resulting outcome is equal to 1. Parameters obtained for the
explanatory variables can be used to estimate odds ratios for each of the explanatory variables in the model.

The specific form of the logistic regression model is:

eBotBix1+B2x2+Bpxp
14+eBotBix1+B2ax2+..Bpxp (1)

m(x) =

where 7 is the probability of the outcome of interest or event, f is the intercept, 1, ..., fp are regression coefficients, xy,Xa, ...,xp are
independent variables.

The transformation of the conditional mean 7(x) logistic function is known as the logit transformation:

m(x)

In[Z51] = By + Buxy + Boxate... By, @)

1-7m(x)

The importance of the logit transformation is that it is linear in its parameters and may range from. — % t0 + 0

There are four assumptions under binary logistic regression. These assumptions are required to satisfy to give a valid result.

e Linearity: The assumption of linearity in logistic regression is that any explanatory variables have a linear relationship with the
logit of the response variable. If the relationship between the log odds of the response occurring and each of the explanatory
variables is not linear then the model will not be accurate.

¢ Independent errors: the assumption of independent errors states that errors should not be correlated for two observations.

e Multicollinearity: The assumption requires that explanatory variables should not be highly correlated with each other.

e  There should be no outliers, high leverage values or highly influential points.

3.2. Source of Data

Secondary data used from 2014 to 2016 time period in this study were acquired from the police traffic headquarters,
Colombo in Sri Lanka. The initial database had 78531 accidents and it was divided into two portions; 2/3 of data (52354) was
used to develop the model, and the remaining 1/3 of data (26177) was used to validate the model. The independent variables were
vehicle type, gender, validity of the license, age of the driver, accident cause, time, weekday/weekend, road surface, weather
condition, light condition, location and alcoholic test result. Response variable is accident severity which consists of two levels
namely grievous and non-grievous. Accidents result in death or critically injured are named as grievous accidents and accidents
result in non-critically injured or damage only accidents are named as non-grievous accidents.

3.3. Research Methodology

Data analyses are arrayed mainly under preliminary and fundamental analyses. Under preliminary analysis, descriptive statistics
was performed to get a general understanding of the whole dataset. In fundamental analysis, Pearson Chi-Square test is performed
to check the association between each contributory factor and the severity of accidents. Then multicollinearity is checked and highly
correlated variables were removed from the analysis. Finally, due to the dichotomous nature of the dependent variable, binary
logistic regression analysis is carried out as advanced analysis to investigate the effect of the variables. These statistical data analyses
are conducted by using EVIEWS and SPSS software.

IV. RESULTS AND DISCUSSION

4.1. Descriptive Statistics
Table 1 shows the distribution of factors considered in this study. It can be seen that majority of accidents were occurred in
roads with dry surface, clear weather under daylight. The cause of most of accidents was aggressive or negligent driving.

Table 1: Description of Factors

Factor Levels Non-grievous | Grievous (%) Total (%) Abbreviation
(%)

Vehicle Type Light vehicle 40427(76.5%) | 12399(23.5%) 52826(100%) | LV
Heavy vehicle 18827(43.2%) | 6878(26.8%) 25705(100%) | HV

Gender Male 58268(75.4%) | 19043(24.6%) 77311(100%) | M
Female 986(80.8%) 234(19.2%) 1220(100%) | F

Validity of License | With valid license 51954(76.6%) | 15905(23.4%) 67859(100%) | WL
Without valid license 7300(68.4%) 3372(31.6%) 10672(100%) | WOL

Accident Cause Speeding 7465((72.1%) 2888(27.9%) 10353(100%) | Causel
Aggressive/negligent driving | 44462(75.9%) | 14070(24.1%) 58532(100%) | Cause2
Influenced by alcohol/drugs | 3055(78.1%) 856(21.9%) 3911(100%) | Cause3
Others 4272(74.5%) 1463(25.5%) 5735(100%) | Others

Alcohol Test No alcohol/below legal limit | 55677(75.3%) | 18267(24.7%) 73944(100%) | BL
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Over legal limit 3577(77.9%) 1010(22.1%) 4587(100%) | OL
Time Day time 39681(76.4%) | 12258(23.6%) 51939(100%) | DT
Night time 19573(73.6%) | 7019(26.4%) 26592(100%) | NT
Weekday/Weekend | Weekday 42519(76.2%) | 13242(23.8%) 55761(100%) | WD
Weekend 16735(73.5%) | 6035(26.5%) 22770(100%) | WE
Road surface Dry 56012(75.5%) | 18160(24.5%) 74172(100%) | D
Wet 3242(74.4%) 1117(25.6%) 4359(100%) | W
Weather Condition | Clear 56067(75.5%) | 18175(14.5%) 74242(100%) | CL
Rainy 3187(74.3%) 1102(25.6%) 4289(100%) | RA
Light condition Daylight 39070(76.4%) | 12069(23.6%) 51139(100%) | DL
Night, no street lighting 13874(71.6%) | 5511(28.4%) 19385(100%) | NSL
Others 6310(78.8%) 1697(21.2%) 8007(100%) | DD
Location Bend/Junction 15502(77.8%) | 4417(22.2%) 19919(100%) | BJ
Road 43752(74.6%) | 14860(25.4%) 58612(100%) | RD

Then Pearson Chi-square test is performed to test the significant relationship between the independent variables and the
dependent variable. According to this analysis, following table describes the as2sociation between each factor and the accident
severity.

Table 2: Results of Chi-square test

Variables +° value P value
Vehicle Type v? (1) =53.446 0.000
Gender of Driver ¥ (1) =19.271 0.000
Validity of License 2 (1) = 331.396 0.000
Alcohol Test v* (1) = 16.812 0.000
Accident Cause v? (2) =72.183 0.000
Time v2 (1) = 74.149 0.000
Weekday/Weekend v? (1) = 66.322 0.000
Road Surface ¥’ (1) = 2.896 0.089
Weather v’ (1)=3.221 0.073
Light Condition v (2) = 231.087 0.000
Location v* (1) = 81.086 0.000

According to the results of Table 2, it can be identified that vehicle type, gender of driver, validity of license, alcohol test, accident
cause, time, weekday/weekend, light condition and location type are significantly associated with the accident severity. Only two
factors namely road surface and weather, are not significantly associated with the accident severity. Therefore, non-significant
factors are removed and continued the analysis.

One of the assumptions in logistic regression is that explanatory variables should not be highly correlated with each other. Therefore,
before applying logistic regression, multicollinearity is checked among explanatory variables.

4.2. Checking Correlation between explanatory variables

The correlation coefficients among the explanatory variables can be used as first step to identify the presence of multicollinearity
Correlation matrix of highly correlated explanatory variables presented in Table 3. If Pearson correlation coefficient is greater than
0.8 or 0.9 then multicollinearity is a serious concern. Results of Table 3 indicates that the Pearson correlation coefficients between
two variables light condition and time are highly correlated and indicated them as bold. These high correlation coefficients signify
the presence of severe multicollinearity between the explanatory variable light condition and time of accident.

Table 3: Pearson Correlation matrix between 2 explanatory variables

Variables Time Light condition
DT NT NSL
Light DL 0.978 -0.978 -0.782
condition (0.000) (0.000) (0.000)
NSL -0.800 0.800 1.000
(0.000) (0.000) (0.000)

Cell value: correlation coefficient
p value
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In addition, tolerance and VIF values were also used to confirm multicollinearity and results were indicated in Table 4.

Table 4: Collinearity statistics

Factor Levels Collinearity Statistics
Tolerance VIF
Vehicle type LV 961 1.029
HV .966 1.035
Validity of license WL .966 1.030
WOL .964 1.038
Alcohol test BL .678 1.475
oL .680 1.473
Time DT .041 24.349
NT .045 21.456
Weekend/Weekday WE .998 1.003
WD .993 1.007
Location RD .992 1.008
BJ .995 1.005
Gender M 991 1.010
F .989 1.008
Accident cause Causel .976 1.025
Cause2 .965 1.039
Cause3 .969 1.031
Others .676 1.479
Light condition DL .047 21.278
NSL .058 20.146
Others 110 9.115
Age Age .989 1.011

Results in Table 4 indicates very low tolerances and larger VIF values for the variables time and light condition. Using these
collinearity statistics, it can be concluded that the data almost certainly indicates a serious collinearity problem. Thus, time is
removed first from the data and repeats the analysis. However, collinearity still exists among the levels of light variable. Then time
is added, and light condition is removed and repeats the analysis. Results are presented in Table 5.

Table 5: Collinearity statistics for remained variables

Factor Model Collinearity Statistics
Tolerance VIF
Vehicle type LV 961 1.029
HV 967 1.035
Validity of license WL .995 1.006
WOL .965 1.036
Alcohol test BL .678 1.475
oL 677 1.471
Time DT .970 1.031
NT .965 1.029
Weekend/Weekday WE .997 1.002
WD .993 1.002
Location RD 997 1.003
BJ .992 1.007
Gender M 991 1.009
F .990 1.011
Accident cause Causel .976 1.024
Cause2 .981 1.031
Cause3 .968 1.030
Others .676 1.479
Age Age .989 1.011

According to results in Table 5, tolerances for all the predictors are very close to 1 and all the VIF values are smaller than 2.5.
Therefore, it can be concluded that multicollinearity is not a concern when one of the correlated variables is omitted.

4.3. Binary logistic regression analysis

Since the response variable is dichotomous (grievous/non-grievous), the binary logistic regression model is applied for the data.
The maximum likelihood procedure is used to estimate the parameters of the logistic regression model. Forward stepwise selection
method was applied under the binomial logistic regression analysis, with variable entry testing based on the significance of the
score statistic (the significance level was set at p<0.05), and removal testing based on the probability of a likelihood ratio statistic
based on the maximum likelihood estimates (the significance level was set at p>0.10).
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4.3.1. Baseline Model
Table 6 presents the results of the baseline model which is the model with only the constant included before explanatory variables
are entered into the model. Logistic regression compares this model with a model including all the significant factors to determine
whether the latter model is more appropriate.

Table 6: Results of baseline model

[Baseline Model B S.E. Wald df Sig. Exp(B)
Constant [1.162 010 12828.477 |1 .000 3.196
Initial -2 Log Likelihood: 57499.931

Wald Chi-Square tests the null hypothesis that the constant equals 0. Results of the Table 6 shows that constant is statistically
significant to the model. Initial log likelihood value of the baseline model is 57499.931. This value is used to select an optimal
model. Predictive power of the baseline model is 69.5%, which indicates the overall percentage of correctly classified cases when
there are no explanatory variables in the model.

4.3.2. Developed model interpretation
Predictors with positive coefficients cause an increasing tendency to result into fatalities. Similarly, negative coefficients indicate
decreasing tendency for those significant predictors. Table 7 explains the variables in the developed model used to predict the
severity of accidents.

Table 7: Variables in the model

Variables B S.E. Wald df Sig. Odd ratio
Heavy vehicle -.183 022 68.737 1 .000 .833
Without license -444 .029 15.826 1 .000 641
Night time -.143 022 43.081 1 .000 .866
Road 175 .024 51.573 1 .000 1.191
No alcohol /below limit .301 .056 28.445 1 .000 1.351
Aggressive/negligent driving 120 .030 236.856 1 .000 1.128
Age -.138 .023 37.564 1 .000 871
Male 201 .094 4514 1 .034 1.222
Constant 1.219 032 1479.642 1 .000 3.382

When exploring results of the Table 7, validity of license, vehicle type, location type, time, age of driver, alcohol test, accident
cause and gender have a significant effect on the severity of accidents. Odds ratio of vehicle type indicates that a grievous accident
occurred by heavy vehicles is 83% less likely to be a grievous accident occurred by light vehicles. Similarly, a grievous accident
occurred by drivers who, without a valid license are 64% less likely to be odds of a grievous accident occurred by drivers who
having a valid license. Odds of a grievous accident occurred in nighttime is 87% less likely to be a grievous accident occurred in
daytime. Odds of a grievous accident occurred in road is 19% more likely to be a grievous accident occurred in bend/junction. Odds
of a grievous accident occurred by drivers who used alcohol below legal limit or no alcohol 35% more likely to be a grievous
accident occurred by drivers who used alcohol over legal limit. Odds of a grievous accident occurred by aggressive/negligent driving
is 13% more likely to be a grievous accident occurred by speeding. The odds ratio of age is 0.871. It indicates that for everyone unit
increase in age (one additional year of living), the odds of occurring a grievous accident decreases which implies the older the
driver, the less the accident risk. Odds of a grievous accident occurred by male drivers 22% more likely to be a grievous accident
occurred by female.

4.3.3. Logit Model
The logit model with the significant variables is:
logit(p) = 1.219 - 0.183HV - 0.444WOL - 0.143NT + 0.175BJ + 0.301BL + 0.12Cause2 - 0.138Age + 0.201M

4.3.4. Importance of Variables in the Model
Table 8 presents the information how the model is affected if an explanatory variable is added to the model. In other words, which
variable is important for the model. Results of following table are used to examine the importance of a variable in the model.

Table 8: Importance of variables in the model

Step Improvement Model \Variable
Chi-square df Sig. Chi-square df Sig.

1 201.658 1 .000 201.658 1 .000 IN: Accident cause

2 65.982 1 .000 267.640 2 .000 IN: Vehicle Type

3 55.460 1 .000 323.100 3 .000 IN: Location

4 39.785 1 .000 362.885 4 .000 IN: Time

5 36.441 1 .000 399.326 5 .000 IN: Age

6 32.678 1 .000 432.004 6 .000 IN: Alcohol

7 16.706 2 .000 448.710 3 .000 IN: License

3 4.221 1 .030 452.931 9 .000 IN: Gender
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Table 8 indicates that adding the variable accident cause to the model makes the biggest change in the model’s log likelihood value.
Therefore, accident cause is the most important variable in this model. It is followed by the vehicle type, location type, time, age of
driver, alcohol test, validity of license and gender respectively.

4.4. Measures of Goodness of Fit

4.4.1. Test of Model coefficients

Table 9: Test of developed model coefficients

Chi-square df p value
Step 8 4.221 1 0.028
Block 452.931 9 0.000
Model 452.931 9 0.000

Results of Table 9 indicates that the chi-square is highly significant (chi-square=452.931, p<0.000 with df =9). Thus, it can be
concluded that the developed model is significantly better than the baseline model. That means the accuracy of the model improved
when added the explanatory variables.

4.4.2. Model Summary

Table 10: Model Summary

Step |2 Log likelihood Cox & Snell R? Nagelkerke R?
8 57047.735 .604 .651

According to the results of the Table 10, the developed model has a significantly reduced log likelihood value (57047.735) compared
to the baseline model. It is revealed that the developed model is explaining more of the variance in the outcome and it is an
improvement over the baseline model. Thus, it can be concluded that the developed model is better at predicting the severity of the
accidents than the baseline model where no predictor variables were added. According to Cox & Snell R?and Nagelkerke R?, the
explained variation in the dependent variable based on the model are 60.4% and 65.1% respectively.

4.4.3. Predictive Accuracy of Developed Model

Table 11: Classification Table

Observed Predicted
Grievous Non-grievous Percentage Correct
Grievous 9123 3355 73.11
Non-grievous 8953 30911 77.54
Overall Percentage 76.47

Table 11 indicates that 73.1% were correctly classified for grievous accidents and 77.5% for non-grievous accidents. Overall, 76.5%
were correctly classified. It can be seen that the developed model is correctly classifying the outcome for 76.5% of the cases
compared to 69.5% in the null model.

4.4.4. Hosmer and Lemeshow test
Table 12: Results of Hosmer and Lemeshow test

Chi-square df Sig.
7.755 8 0.458

As the results shown in the Table 12, Hosmer & Lemeshow test of the goodness of fit suggests the model is a good fit to the data
as p=0.458 (>0.05).
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4.45. Receiver Operating Characteristic Curve

ROC Curve
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Figure 1: ROC Curve

Table 13: Area Under the Curve

Area Std. Error  [Asymptotic Sig. [Asymptotic  95%  Confidence
Interval

Lower Bound Upper Bound
.692 .003 .000 .687 .697

According to the above Table and Figure, the area under the curve is 0.692 with 95% confidence interval (0.687, 0.697). Moreover,
the area under the curve is significantly different from 0.05 since the p =0.000 <0.05. That means, the logistic regression classifies
the group significantly better than by chance.

4.4.6. Detecting Influential Observations

Plot of Cook's distance

0.09
0.08

Cook's distance

1 5235 10470 15705 20940 26175 31410 36645 41880 47115 52350
Observation numbers

Figure 2: Plot of Cook’s Distance

It can be seen that all observations are less than 1 and even less than 0.5. Therefore, it can be said that there are no outliers nor
influential observations in this data set.

4.5, Validation of the Model

Table 14: Category prediction

Observed Predicted
Grievous Non-grievous Percentage Correct
Grievous 5026 1773 73.9
Non-grievous 3482 15896 82.0
Overall Percentage 79.9

Table 14 indicates that the model correctly predicted 79.9 % of the validation data which is greater than to the predictive power of

the baseline model 69.8%. That means the developed model more accurately predicts the severity of accidents than the prediction
in baseline model.
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V. CONCLUSION

The results discovered that vehicle type, validity of license, time of accident, location type, alcohol test, accident cause, age of
the driver and gender have a significant effect on the severity of accidents. However, weekday/weekend variable is not significantly
associated with the severity of motor vehicle accidents. Moreover, aggressive/negligent driving, driving on straight road, driving
at daytime and driving light vehicle have a high chance to be a grievous accident. In addition, the younger drivers have more
accident risk. Finally, it is concluded that accident cause is the most important variable in the model. This is an issue which needs
high level attention from drivers and high commitment by traffic police. Drivers have a great responsibility to reduce road accidents
and control their ambience.
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